An integrated reservoir characterization workflow, for structural uncertainty assessment and continuous updating of the structural reservoir model, by assimilation of production data, is presented. An ensemble of reservoir models, expressing explicitly the uncertainty resulting from seismic interpretation and time-to-depth conversion, is created. The top and bottom reservoir-horizon uncertainties are considered as a parameter for assisted history matching and are updated by sequential assimilation of production data using the Ensemble Kalman Filter (EnKF). To avoid modifications in the grid architecture and thus ensure a fixed dimension of the state vector, an elastic grid approach is proposed. The geometry of a base-case simulation grid is deformed to match the reservoir top and bottom horizon realizations. The method is applied to a synthetic example. The result is an ensemble of history-matched structural models with reduced and quantified uncertainty. The updated ensemble of structures provides a more reliable characterization of the reservoir architecture and a better estimate of the field oil in place.
Introduction
In reservoir characterization a large emphasis is placed on risk management and uncertainty assessment, and the dangers of basing decisions on a single base-case reservoir model are widely recognized. Thus, modern reservoir modelling and history matching aim at delivering integrated models with quantified uncertainty, constrained on all available data.
In the context of data assimilation and model updating, the Ensemble Kalman Filter (Evensen, 1994 (Evensen, , 2009 ) has attracted much attention and numerous applications have demonstrated that it is well suited for addressing reservoir characterization and management challenges. A comprehensive review of the Ensemble Kalman Filter (EnKF) for petroleum applications is given in Aanonsen et al. (2009) . In Seiler et al. (2009) the EnKF is introduced in relation to other history-matching methods and the general EnKF workflow for updating reservoir simulation models is presented. The advantages of the EnKF as an assisted history-matching method include its capability of handling large parameter spaces and large data sets (4D seismic), the sequential assimilation of data in time allowing for fast-model updating, and the quantification of uncertainty through the use of an ensemble of models. Practical implementation of the EnKF is relatively simple and flexible, allowing to plug-in a wide range of reservoir simulators or forward modelling tools.
The parameterization is a crucial step in the history-matching workflow. Experience from real field-case applications shows that the parameterization is often the most challenging and time consuming part of a reservoir characterization project. While traditional history-matching methods are concerned with the reduction of the number of model parameters, by applying some kind of parametrization (e.g., zonation or region multipliers) or by selecting only the most influential parameters, the challenge in the EnKF is to generate an initial ensemble that correctly reflects the uncertainty in the model parameters and captures reasonably well the observed data. Seiler et al. (2009) present a real field-case application where uncertainties in porosity and permeability fields, depth of initial fluid contacts, fault transmissibility multipliers, and relative permeability properties, are accounted for and updated by assimilation of production data. The EnKF successfully provides an updated ensemble of reservoir models, conditioned to production data, and an improved estimate of the model parameters. Nevertheless, remaining bias in the model is identified and possibly linked to the omission of some important parameters or an inaccurate reservoir structure.
Although typically large uncertainties are associated with the reservoir structure, the reservoir geometry is usually fixed to a single interpretation in history-matching workflows and focus is on the estimation of geological properties such as facies location and porosity and permeability fields. Structural uncertainties can have significant impact on the bulk reservoir volume, well planning, and production predictions (Thore et al., 2002; Rivenaes et al., 2005) , and there is a growing awareness that the structural model uncertainties must be accounted for in history-matching workflows. However, a deterministic approach is still the common practice in structural modelling. Updating of the structural model is a major bottleneck due to lack of methods and tools for repeatable and automatic modelling workflows, as well as efficient handling of uncertainties. Consequently, for simplicity, it is normally assumed that there is no uncertainty in the structural model or that the uncertainty can be neglected (Evensen, 2007; Zhang and Oliver , 2009) .
A first attempt to identify the reservoir geometry by automatic methods is investigated by Palatnik et al. (1994) , where the reservoir depths and layer thicknesses are parametrized by a set of region multipliers, and conjugate gradient is used as minimization method. Schaaf et al. (2009) present a workflow for updating simultaneously horizon depths, throw and transmissibility multipliers of faults, facies distribution, and petrophysical and SCAL properties. Two optimization methods are compared: Particle Swarm Optimization and Gauss-Newton Optimization. The results show a decrease in the objective function, but the data match is relatively poor. A table of results seems to indicate some difficulty in converging to the true parameters, but the accuracy of the parameter estimation is not addressed in the paper (and in particular for the horizon depths). Furthermore, with the proposed approach there is no uncertainty characterization. Suzuki et al. (2008) consider structural scenario uncertainties in addition to horizons and faults position uncertainties. History matching is performed by stochastic search methods (Suzuki and Caers, 2006) , by searching efficiently for reservoir models that matches historical production data considering a "similarity measure" between likely structural model realizations.
This paper proposes a method to handle structural uncertainties in the reservoir model and presents an assisted history-matching workflow for updating the structural model with the EnKF. The workflow consists of two major parts, the prior uncertainty modelling and the history matching of the reservoir geometry.
The EnKF is flexible and handles various parameterizations. Structural parameters can be depth surfaces from stochastic simulation or stochastic depth conversion, velocity models or fault geometric properties. In this work we consider uncertainties in the top and bottom reservoir horizons and the prior model realizations are generated by stochastic simulation.
Sequential updating of structural parameters by assisted history matching requires an entirely automatic workflow that includes structural modelling, gridding, geomodelling, upscaling, and well completion modelling. Furthermore, updates in the structural model may lead to modifications in the grid architecture. Thus, when the EnKF is used for history matching, the update of cell-referenced parameters such as pressure, saturation, porosity, and permeability, is not trivial. In this paper, we propose a fast-track approach where the geometry of the base-case simulation grid is deformed. This "elastic grid" approach preserves the grid layout and thus ensures that the different realizations are compatible with respect to the number of active cells in the grid as well as the location of the wells (i.e., perforated cells).
Model updating with the EnKF
In a Bayesian framework, conditioning reservoir stochastic realizations to production data can be formulated as finding the posterior pdf of the parameters and the model state, given a set of measurements and a dynamical model. From Bayes' theorem, the posterior pdf of a random variable Ψ, conditional on some data d is given by,
where γ is a constant of proportionality, f (ψ) is the prior pdf for the random variable and f (d|ψ) the likelihood function describing the uncertainty distribution of the data. Under the assumption that the dynamical model is a Markov process and the measurement errors are uncorrelated in time, Bayes' theorem can be written as a recursion. The model state and parameters are then updated sequentially in time as measurements arrive. In many cases, the recursive processing of measurements leads to a better-posed inverse problem, and can be solved using ensemble methods. Evensen and van Leeuwen (2000) discuss in more detail how the EnKF is derived from Bayes' theorem.
The EnKF is a recursive method that samples from the posterior pdf for the parameters and model state, given a dynamical model and a set of measurements, with known uncertainties. The joint probability density function for the model state and parameter is represented using an ensemble of model realizations. The ensemble is propagated forward in time using the dynamical model and each ensemble member is updated sequentially in time using the standard Kalman filter analysis scheme.
The EnKF is a sequential Monte Carlo extension of the Kalman Filter that handles large-scale systems and nonlinear dynamics. We define the state vector Ψ ∈ n consisting of static parameters, dynamic variables, and simulated data, and it is written as,
In our application the state vector consists of the pressure and saturations in each grid cell, uncertain model parameters related to the reservoir structure, oil production rates and water-cut data. The predicted data is included in the state vector to ensure a linear relation between the predicted data and the model state. The ensemble matrix A ∈ n×N is then defined as,
In the forecast step, the ensemble is integrated forward from time step n − 1 to n using the dynamical model,
The superscript f denotes the forcasted state and the superscript a the updated state from the analysis step. F represents the nonlinear model operator, the fluid flow simulator in this application. The analysis step in the standard EnKF consists of the following updates performed on each of the ensemble members,
where Ψ f j represents the state vector for realization j after the forward integration to the time when the data assimilation is performed, while Ψ a j is the corresponding state vector after assimilation. The ensemble covariance matrix is defined as C ψψ = (ψ − ψ)(ψ − ψ) T , where ψ denotes the average over the ensemble. The matrix M is an operator that relates the state vector to the production data and M Ψ f j extracts the predicted or simulated measurement value from the state vector Ψ f j . In the standard EnKF, the assimilated observations d are considered as random variables having a distribution with the mean equal to the observed value and an error covariance C reflecting the accuracy of the measurement. The vector d j represents a sample from the ensemble of observations. We refer to Evensen (2007 Evensen ( , 2009 ) for a thorough presentation of the EnKF for solving the general parameter and state estimation problem and to Aanonsen et al. (2009) for a comprehensive review of the application of the Ensemble Kalman filter for updating of reservoir simulation models.
As shown in Evensen (2003) , the analysis equation (Eq. 5) can also be written as, The workflow for updating the structural model using the EnKF. An ensemble of structural models, which expresses explicitly the uncertainty resulting from migration, time picking and time-todepth conversion, is the starting point for the Ensemble Kalman filter. The structural uncertainties are then updated by assimilation of dynamic data using the EnKF. In this paper, we propose an "elastic grid" approach to create the ensemble of reservoir models: the geometry of the base-case simulation grid is deformed to match the reservoir top and bottom horizon realizations. Each ensemble member is then integrated forward using the reservoir simulator and updates are performed at each time when measurements of production data are available.
The matrix X ∈ n×n is called the transformation matrix. There exist different formulations, whether one uses the stochastic or standard EnKF update scheme or the deterministic square root scheme (Evensen, 2009) .
Formulation of the EnKF analysis as in Eq. 6 highlights that the EnKF analysis is a linear combination of the forecast ensemble members and the solution is searched for in the space spanned by the forecast ensemble. Each updated realization is a linear combination of the initial realizations thus the ability of the EnKF to obtain a good estimate of the true solution is highly dependent on the quality of the initial ensemble (Jafarpour and McLaughlin, 2009) . Creating an initial ensemble that accurately reflects the uncertainty in the ensemble estimate is often the major challenge in real field applications.
In the update step, it is assumed that the model predictions and the likelihood are well approximated by the first and second order moments of the pdf. The performance of the EnKF is thus optimal when the prior probabilities are Gaussian and when there is a linear relationship between model parameters, state variables, and observations. In practice our dynamical model is highly nonlinear and these assumptions are in general not fullfilled. However, the linear update step is in many cases a reasonable and valid approximation and satisfactory results are in general obtained (Aanonsen et al., 2009) .
The fact that the solution is searched for in the space spanned by the ensemble members, rather than in the large parameter space, makes the EnKF well suited for large-dimensional problems and it appears to be one of the most promising methods presently available for reservoir-model updating. This property allows us to handle large sets of parameters and in principle, any parameter can be added to the state vector and updated. However, the dimension of the state vector is not allowed to vary stochastically in time or between different realizations. The fixed dimension of the state vector represents a major constraint when working with structural uncertainties and grid updating.
Structural model updating
Building the reservoir structural model refers to the combined work of defining the structural horizons of the hydrocarbons accumulation and interpreting the fault pattern that affects the reservoir. Time maps of the reservoir structure are generated by picking significant horizons in a time-seismic block. The interpreted two-way time maps are then converted to depths by means of velocity models. This framework of horizon and fault surfaces defines the structural model and forms the geometrical input for 3D grid building.
The EnKF workflow implemented in Seiler et al. (2009) for updating reservoir models is applicable to structural (e) Same as in (b), but the well is kept at its original depth, by setting the perturbations at the corresponding grid nodes to zero. There are no adjustments in the cells below the well.
(f) The corner points of (e) are adjusted to match the simulated bottom horizon. The well is fixed and there are no adjustments in the cells above the well.
Fig. 2:
The "elastic grid": a base-case grid is deformed to match simulated top and bottom horizons.
modelling provided a suitable parametrization of the structural uncertainties can be defined. Fig.1 illustrates the conceptual workflow for updating the structural model, using the EnKF to assimilate dynamic data, and is described in more detail in the following sections. The first step in the workflow consists of creating an ensemble of prior model realizations expressing explicitly the structural model uncertainty related to seismic processing and structural interpretation. The workflow requires a suitable parameterization of the structural uncertainties in faults and horizons. The structural uncertainties are then considered as a parameter for assisted history matching and are updated by assimilation of dynamic data using the EnKF.
Prior uncertainty modelling
The main uncertainties affecting the structural model are uncertainties resulting from migration, time picking, and time-to-depth conversion (Thore et al., 2002) . There exists different approaches and modelling techniques to generate multiple realizations of the reservoir structure accounting for the various uncertainties (Thore et al., 2002; Abrahamsen, 1993; Holden et al., 2003) . In this paper, the prior-guess structural framework, representing the most likely interpretation, defines the basecase model. An ensemble of top and bottom reservoir depth surfaces is then generated by stochastic simulation around the base-case structural model, reflecting the uncertainties in horizon depths and gross reservoir thickness. Uncertainties on faults are not considered at this time.
The inputs to the geostatistical model are the base-case horizon surfaces and a spatial correlation structure. The simulated horizons are constrained to well observations by kriging technique. The top and bottom simulated realizations can be correlated, preserving the overall reservoir thickness to some degree. Stochastic perturbation around the base case captures only the local uncertainties around the trend. Thus, this approach is well suited for mature fields, with relatively closely spaced well observations. In structurally complex reservoirs or in early phase fields, one should be aware that this parameterization typically represents only a subset of the total structural uncertainty.
Grid deformation
The geometry of the base-case corner-point grid is deformed to reflect the alternative structural realizations in the top and bottom reservoir horizons. This type of direct grid updating is rather limited in existing modelling packages since the grid is typically rebuilt each time the structural model is changed, or the grid updating methods are too limited for our purpose. An in-house algorithm is developed for grid deformation and for creating geometries that are consistent with simulated top and bottom horizons (Fig.2) . Similar concepts are proposed by Caumon et al. (2007) and Thore and Shtuka (2008) .
The difference map between the simulated and base-case surfaces is used to update the base-case grid by adjusting the depth of the corner points. The position of the coordinate lines are kept constant. The adjustments of the grid nodes are performed in a step-wise process (Figs.2(a) to 2(c)). First the corner points are updated to match the top horizon while keeping the bottom layer fixed. Cells are stretched proportionally. Then the corner points are adjusted to match the bottom horizon while keeping the top fixed.
A special feature in the in-house algorithm is that perforated cells (i.e., wells) can be fixed at their original depth, by setting the perturbation at the corresponding grid nodes to zero (Figs.2(d) to 2(f) ). Adjustments in the top horizon do not influence the grid nodes located below the well. Similarly, adjustments in the bottom horizon do not influence grid nodes above the well. This feature is especially useful for horizontal wells with sparse depth markers. This can be defended as the depth of the well path has generally negligible uncertainty relative to the structural uncertainty. In practice, it ensures that petrophysical well conditioning is preserved, and no recalculations of connection factors for the flow simulation model are needed.
The topology of the grid is unchanged and the geological properties can be populated as if no changes had occurred. Initial inactive cells (generally caused by low pore-volume) will stay inactive during the whole updating workflow, even if they have been stretched. It is thus recommended to have few inactive cells initially, since the modification in volume they accommodate will not be reflected in the simulation. In the grid deformation, a minimum cell thickness is maintained (0.001m) to avoid the collapse of cells and their deactivation by the fluid flow simulator.
History matching -parameter updating
The simulated depth surfaces are considered as history-matching parameters and are included as static parameters in the state vector. In the analysis, the state vector that comprises the reservoir top and bottom depth surfaces, the dynamic state variables (pressure and saturation for each cell) and the predicted measurements is updated using the EnKF update equation (Eq.5). Then the reservoir grid geometry is deformed to match the updated surfaces, as discussed in the previous section. Finally, the updated reservoir grid and state variables are input to the flow simulator and integrated forward until the next update-time.
Synthetic example
Case description A synthetic example based on a real sector model is presented to demonstrate the applicability of the proposed method. Fig.3 shows the reference model. The structure consists of two distinct anticlines, separated by a northsouth-oriented trench. The average reservoir depth is 1720 m and the top of the anticlines is at approximately 1580 m. The prior-guess structural framework, defining the base case, has a constant reservoir thickness of 40 m. It is used as a trend to generate 100 realizations of the top and bottom horizons. These horizon realizations are simulated in the reservoir modelling tool Irap RMS Roxar and define our initial ensemble. The standard deviation is set to 8 m for the top surface and 10 m for the bottom reservoir surface. An anisotropic exponential variogram model is used and aligned with the main structural features (N-S). The range is 3000 m along the direction parallel to azimuth and 1500 m in the normal direction. The top and bottom uncertainties are uncorrelated. All realizations are conditioned to the well picks. The reference structural model is drawn from the same distribution as the prior ensemble.
The model dimensions are 10 km×6.5 km and is discretized into a 40×64×14 grid. The base-case grid is build from the base-case structural model. To ease the interpretation, the petrophysical properties are set to constant values. The porosity is 25%, the horizontal permeability is 500 md and the vertical permeability is 150 md.
Five vertical producers are drilled on the two anticlines, which are initially oil-filled. The water/oil contact (WOC) depth is 1705 m. Three vertical injectors are placed in the aquifer. The initial reservoir pressure is slightly above 30 MPa. The producers are operated by constant bottomhole pressure (30 MPa), and peripheral water injection is started at the start of production at a constant rate (10 000 std m 3 /d ). The reservoir is initially undersaturated and remains so throughout the production.
The measurements are oil rate, watercut and flowing bottomhole pressure in the producers, available each month. Total simulation time is 5 years. Errors in the measurements are assumed to be normally distributed and equal to 10% of the observed value. For the watercut we used a minimum value of 0.1. Fig.4 shows the prediction of watercut for producer OP1, OP2 and OP4 from the prior ensemble (left) and from the updated ensemble conditioned to all data (right). For all the wells, the updated ensemble is capable of capturing the water production more accurately. A good match to the historical data is obtained. The bias seen in the predictions from the prior ensemble is almost removed and the spread in the ensemble prediction is significantly reduced.
Results

History match
The histograms of the field oil in place (FOIP) at initial time and after five years of production are plotted in Fig.5 and Fig.6 respectively. In Fig.5 we compare the volumes from the prior ensemble, when no production data are assimilated, with the posterior ensemble, when the updated structure is used to re-initialized the model. The initial FOIP in the reference case is 96 million Sm 3 and is represented by the red dashed line. The prior realizations tend to have larger volumes than the reference case. The results are encouraging as the updated structural model provides a more accurate characterization of the actual volumes. The mode of the histogram effectively captures the true FOIP, however, the initial bias (large volumes) is still present in the updated ensemble.
FOIP at final time are plotted in Fig.6 . We compare the distributions from the prior ensemble, when no production data is assimilated (a), the posterior ensemble, when the updated structure is used to re-initialized the model and integrated forward (b), and the EnKF updated ensemble (c). The reference FOIP, after five years of production, is 64 million Sm 3 and is represented by the red dashed line. When the updated structure is used to re-initialize the model and integrated forward, the final volumes are slightly overestimated as a consequence of the initial bias identified in Fig.5(b) . The available FOIP at final time is best captured by the EnKF updated ensemble, i.e., the ensemble of updated state and parameters. Thus, it provides an optimal starting point for future predictions.
These results demonstrate that updating the reservoir top and bottom horizons by assimilation of production data leads to an improved history-match and validate to some extent the proposed elastic grid approach. Fig.7 shows two different cross-sections through one particular realization. The blue lines are the prior surfaces and the red lines are the updated surfaces from the EnKF. This figure illustrates how, for some realizations, the true structure is well captured. The results are in general satisfactory. Fig.8 shows a cross-section through producers OP1 and OP4. Fig.8(a) shows the prior ensemble together with the reference reservoir structure (grey region). The ensemble of horizons is illustrated by the ensemble mean surface (middle line), the ensemble mean plus one standard deviation (lower line) and the ensemble mean minus one standard deviation (upper line). Fig.8(b) is the corresponding figure for the updated ensemble. The reference initial and final water saturations are plotted in Fig.8(c) and 8(d) to allow for an easier interpretation of the results. It is remarkable how well the EnKF updated ensemble is capturing the true structure on the left flank of the anticline, in the area left of producer OP4. On the other hand, and as one would expect, the filter has difficulty converging to the true structure further to the left, in the aquifer zone, as only weak correlations between the production data and the structure are likely over such distances. However, more surprisingly, the filter fails to capture adequately the structure on the right flank of the reservoir, to the right of producer OP1. It suggests that the production data carries only little information about the structure of the reservoir on this flank, and a 3D analysis of the drainage pattern is necessary to understand the results.
Model updates
In Fig.9 we have plotted the prior and posterior residual maps (the difference between ensemble mean and true depth) together with the reference bottom reservoir structure. The red line shows the initial WOC. It allows to identify, in relation to the bottom reservoir topology and well pattern, regions where the assimilation of production data leads to an improved estimate of the bottom structure. Significant updates are expected to be located in areas of which the production data are sensitive, hence in particular within the drainage region. The residual maps illustrate that an improved estimate of the bottom surface is in general obtained after assimilation of production data, in a relatively localized area around the wells, in the region around the WOC, and especially on the flank structure to the left of producer OP2.
The same analysis can be performed for the top reservoir surface and the results indicate that the residual for the top horizon is increased in various locations. The posterior mean appears to be in this case a relatively poor estimate of the actual top reservoir. In this example of drainage by peripheral water injection, it is expected that the production data is more sensitive to perturbations in the bottom reservoir surface than in the top reservoir structure, since the reservoir has no gas cap and stays in undersaturated conditions throughout the production time.
We further evaluate the performance of the EnKF by considering the reservoir thickness map (Fig.10) . Structural uncertainties in the top and bottom reservoir horizons lead to modifications in the reservoir thickness and directly impact the reservoir volumes. Starting from a homogeneous base-case reservoir thickness of 40 m, the EnKF manages to capture the general trend in the reservoir thickness. The large features are reasonably well identified, especially the thinner section in the aquifer to the west of oil producer OP2 and OP4 and the thicker zones in the lower half region of the field. The estimated thickness map is smoother than the reference and the magnitude of the anomalies are underestimated. However, the filter fails to identify a N-S oriented thicker section between producer OP4 and injector WI2. The performance is in general poor around OP1, OP2 and OP4 although a good match of the production data is obtained. . Blue color is a water saturation of 1 and orange is residual water saturation (Swr=0.1). This figure illustrates that in the updated realizations the front is smeared out and nonphysical saturation (i.e <Swr) can be present.
Predictability of updated structure A major advantage of the EnKF is the fact that it considers the combined parameter and state estimation problem. Future predictions with uncertainty estimates can be computed starting from the end of the assimilation phase, with the final updated parameters and state used directly by the simulator. However, in a waterflood experiment, the assumption of Gaussian priors in the EnKF is violated as the distribution of the water saturation in the grid cells of the water-front area is bimodal (Chen et al., 2009) . Similarly, in the problem we consider here, changes in the reservoir structure lead to a saturation distribution in the grid cells around the WOC that are non-Gaussian. The same cell will be either above or below the WOC. In the extreme case of a sharp transition zone, it is either at critical water saturation (Sw typically around 0.1 -0.2) or in the aquifer (Sw = 1). This problem is in many ways similar to considering uncertainties in the depth of the initial fluid contacts (Wang et al., 2009) or estimating facies boundaries (Agbalaka and Oliver , 2008; Zhao et al., 2008) . When the basic assumptions for the Kalman filter analysis are violated, the EnKF update scheme may lead to unphysical saturation values and inconsistencies between the state and the model parameters (Gu and Oliver , 2007; Zhao et al., 2008) . When these effects are important, a reparameterization of the state variables (Chen et al., 2009) or an iterative filter approach (Reynolds et al., 2006; Li and Reynolds, 2007; Chen, 2006, 2007) might be necessary to preserve physical consistency of the state.
We assess the predictability of the EnKF updated ensemble when considering structural model uncertainties and investigate the consistency between updated state and parameters for this particular synthetic case. For this purpose, data are assimilated until December 1982 (time-step 37) and future production is predicted for a period of two years.
The predictions from the EnKF updated ensemble are plotted in Fig.11 (left column) together with the pre- dictions rerun from time zero, with the updated parameters used to re-initialize the model (right column). For producers OP1 and OP5 the predictions starting from the EnKF updated state and parameters are clearly better than the predictions obtained by rerunning from time zero with the ensemble of updated structure. The predicted water cut shows too early breakthrough when the updated ensemble of structure is used to re-initialize the model. For producers OP2 and OP4 there is no significant difference between predictions from the EnKF final state and predictions from time zero, although predictions from the EnKF updated ensemble appear more homogeneous and consistent. Skjervheim et al. (2007) also observed the existence of a bias in the predictions from the rerun, while the predictions from the EnKF updated ensemble were unbiased. The results for the synthetic example make sense when the quality of the estimated structure is considered. The thickness maps and residuals for the top and bottom reservoir horizons reflect that the EnKF performs poorly on the north-dipping flank of the anticline containing OP1. The production data is less sensitive to the geometry of the reservoir in between the two anticlines and the updated ensemble is a poor estimate of the actual reservoir structure. Thus, rerunning the simulator from time zero using the updated structure leads to poor performance in the predictions for producer OP1. On the other hand, as pointed out in Fig.9 , the assimilation of production data leads to an improved estimate of the structure in the area around producer OP2 and especially on the western flank of the structure. Thus, rerunning from zero with the updated structural model leads to good quality in the predictions for producers OP2, and also OP4 located in the vicinity. The fact that predictions from the final state are similar to predictions from time zero indicates that potential inconsistencies between updated state and parameter are negligible in this experiment.
In Fig.12 we compare the EnKF updated water saturation of a particular realization to the saturation resulting from the forward integration of the reference structural model. The saturation is plotted at December 1982, corresponding to the start of the predictions. These cross-sections illustrate two artefacts related to the presence of non-linearities and non-Gaussian priors in the state variables. The water front in the EnKF updated state is smeared out (b) and unphysical water saturation values exist at the water front (d). The red cells have a water saturation close to zero, despite the fact that the critical water saturation in the field is 0.1. Similar to Fig.12 , Fig.13 compares, at time-step 37, the EnKF updated water saturation field, after the analysis step, to the reference saturation. The left figure shows the reference water saturation field in the reservoir middle layer and the right figure shows the residual between the reference and the same particular realization as in Fig.12 . This figure illustrates clearly that the state inconsistencies, although relatively important in scale, affect only a few cells and are localized around the water front. In the next forward integration step and as the front propagates, these inconsistencies are markedly attenuated and are then reflected by a smaller residual present behind the front. These approximations are present in all waterflood applications and are not specific to the structural model updating problem.
Discussion
The presented workflow and depth-surface parameterization represent a straightforward approach to capture structural uncertainties in the reservoir model. Historical data can be matched and the uncertainty in the structural model is reduced. The standard-deviation maps of the bottom horizon, for the prior and posterior ensemble, are plotted in Fig. 14. The realizations have been constrained to well-horizon picks. The variability of the ensemble is highest on the borders of the structure, far away from the well measurements, and the assimilation of dynamic data with the EnKF leads to a reduction of the uncertainty. However, the standard-deviation maps indicate some impacts of spurious correlations. The uncertainty is reduced far away from the wells, in regions that should be only weakly correlated to the production data. Spurious correlations, resulting from a noisy estimate of the ensemble cross-covariance, lead to small unphysical updates in variables that are not sensitive, i.e. updates of the structure in regions that are located far away from the observations. In this experiment, the problem is localized in the aquifer region, on the borders of the model. Using a larger ensemble size reduces the impact of spurious correlations, as can be seen in Fig.15 . When an ensemble of 200 realizations is used, the posterior uncertainty on the borders of the model and in the aquifer region is closer the prior uncertainty. However, in the oil-filled region, the performance of the EnKF is not affected. The ensemble mean remains a poor estimate of the structure between the two anticlines (between OP4 and WI2). For this synthetic case, the presence of spurious correlations is not critical as it only leads to minor updates in the aquifer region, and the variability of the ensemble is preserved. However, when working with real-field cases, it might be difficult to identify regions affected by nonphysical updates, and it is thus recommended to use a large enough ensemble or some kind of localization.
As the results from this synthetic example tend to illustrate, it is important to recall that the general historymatching problem is an under-determined problem. The production data do not carry enough information to recover the true reservoir structure, but an improved estimate of the model is obtained in some areas. The quality of the initial ensemble is important since the solution is searched for in the space spanned by the ensemble of realizations. The presented experiment reflects an optimal setting, since the true solution is a sample from the prior stochastic model. One should be aware that in field applications, the structural uncertainties can be significantly larger, the correlation structure or trend parameters being uncertain as well.
The parameterization of the structural uncertainties can be improved and made more flexible. Although the updated mean-depth surfaces can be used in some cases as an improved estimate for further reservoir-management purposes, this parameterization is not optimal for bringing information back to the geophysicists and update the depth conversion model. A parameterization that includes depth-conversion parameters and fault properties in the model-updating workflow should be investigated.
Conclusions
This work presents a method to handle structural uncertainties in the reservoir model. In particular, the uncertainties in the top and bottom horizons are accounted for and updated by assimilation of production data, using the EnKF.
An elastic grid approach is proposed where the grid nodes of a base-case grid are adjusted to match the simulated top and bottom reservoir horizons. Deformation of the geometry of the base-case simulation grid avoids having to rebuild a new grid at each update step and ensures the same number of active cells for each realization, as the dimension in the state vector in the EnKF can not vary stochastically.
Promising results are obtained in a synthetic example. The proposed method leads to an improved history match compared to the prior model, as well as an improved estimate of the structure. The EnKF updated ensemble provides a more accurate characterization of the actual field oil in place. Some spurious correlations and unphysical saturations around the water front do not have a large negative impact on the overall results. However, poor estimates of the structure in some areas results in predictions from the final updated ensemble being significantly better than predictions obtained by rerunning from time zero with the final updated ensemble of structural models. The EnKF updated ensemble provides an optimal starting point for predictions and drainage-strategy planning.
